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Soil Specific Surface Area Determination 
by Visible Near-Infrared Spectroscopy
Soil Physics & Hydrology
The soil specific surface area (SSA) affects soil physical and chemical proper-
ties. Numerous studies applied visible near-infrared spectroscopy (Vis–NIRS) 
to estimate clay content (particles < 2 µm). Since SSA is better defined and 
more directly related to particle size distribution and mineralogy than clay 
content, predictions of SSA from Vis–NIRS are expected to be better than that 
for clay. Thus, the aims of this study were to (i) test the feasibility of using 
Vis–NIRS for SSA determination, (ii) compare the predictive ability of Partial 
Least Squares (PLS) model of SSA with that of clay, (iii) identify important 
wavelengths using interval Partial Least Squares (iPLS) regression, and to test 
if the application of iPLS improves the predictive ability of the models. A total 
of 550 soil samples with a wide range in SSA (3–437 m2 g–1) and clay content 
(1–83%) was divided into a calibration and a validation set. The PLS models 
had similar predictive ability for SSA (ratio of performance to interquartile 
range, RPIQ = 1.7) and clay content (RPIQ = 1.6). utilizing iPLS led to only 
limited improvement in the prediction accuracy (RPIQ of 1.8 and 1.7 for SSA 
and clay content, respectively), yet decreased the number of relevant wave-
lengths and indicated a higher specificity of SSA over the broader spectral 
response of clay. The important wavelengths for SSA and clay predictions 
were indicative of the organo-mineral content and its interactions, includ-
ing spectral response from not only iron oxides and minerals but also organic 
matter due to masking effect of the non-complexed organic carbon on the 
mineral phases of some of the soils.
Abbreviations: EGME, ethylene glycol monoethyl ether; iPLS, interval partial least squares; 
OM, organic matter; PC, principal component; PCA, principal component analysis; PLS, 
partial least squares; RPIQ, ratio of performance to interquartile range; RMSEP, root mean 
squared error of prediction; SOC, soil organic carbon; SSA, soil specific surface area; vis-
NIRS, visible near-infrared spectroscopy.
The soil specific surface area (SSA) is a basic soil property and indicates the surface area per unit mass of soil. It affects physical and chemical prop-erties of the soil and is important for processes such as water retention 
and movement, ion exchange reactions, contaminant adsorption, microbial attach-
ment, nutrient dynamics, soil aggregation, and irrigation management (Pennell, 
2002). The SSA can vary greatly depending on the soil type and the method used 
for its determination. Different soils present differences in mineralogical and or-
ganic composition as well as in particle-size distribution resulting in large varia-
tions in the amount of available reactive surfaces. For instance, soils rich in clay and 
organic matter can have SSA of up to 8 × 105 m2 kg–1, whereas the SSA for sandy 
soils can be as low as 1 × 103 m2 kg–1 (Pennell, 2002).
Due to the importance of SSA, there is a worldwide interest and need for its 
accurate determination. Although SSA is measured routinely by scientists, agrono-
mists, and engineers around the world, there is no common standard method avail-
able for its determination. The existing methods measure different surfaces of the 
Maria Knadel* 
Emmanuel Arthur 
Peter Weber
Aarhus Univ. 
Dep. of Agroecology 
Blichers Allé, Tjele, 8830-Denmark
Per Moldrup
Aalborg Univ. 
Dep. of Civil Engineering 
Thomas Manns Vej 23 
Aalborg, 9200-Denmark
Mogens Humlekrog Greve 
Zampella Pittaki Chrysodonta 
Lis W. de Jonge
Aarhus Univ. 
Dep. of Agroecology 
Blichers Allé, Tjele, 8830-Denmark
Core Ideas
•	Feasibility of using vis–NIRS for SSA 
determination in a highly variable 
data set was investigated
•	Acceptable predictive ability for SSA 
using PLS and iPLS was obtained.
•	iPLS resulted in little improved 
accuracy for both SSA and clay
•	iPLS indicated a higher specificity of 
SSA than of clay response
•	The important wavelengths reflected 
the organo-mineral composition and 
its interactions
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soil leading to different SSA estimates for a given sample. The 
SSA can be directly estimated by a measure of the particles shape 
and dimension (Borkovec et al., 1993). It can also be indirectly 
determined by sorption of gases or polar liquids. The adsorption 
of gases on solid surfaces with N2 and CO2 is used in combina-
tion with the Brunauer–Emmett–Teller (BET) equation (Kim 
et al., 2016). Due to the fact that these gases do not penetrate 
into the interlayer surfaces of clay minerals, they provide a mea-
sure of only the external specific area of a soil (Pennell, 2002). 
The other method consists of the measurement of polar liquids 
or molecules from solution to the surface (Heister, 2014); these 
polar liquids include: water (Tuller and Or, 2005; Arthur et 
al., 2018) ethylene glycol and ethylene glycol monoethyl ether 
(EGME) (Cerato and Lutenegger, 2002), and methylene blue 
(Hang and Brindley, 1970). Application of polar molecules 
measures the total SSA (internal and external) as they can pen-
etrate the interlayers of clay minerals (Pennell, 2002). Among the 
above-mentioned methods, sorption of EGME is the most com-
monly used. There is, however, many disadvantages associated 
with its usage, such as long measurement times, complications 
associated with the monolayer coverage, effect of exchangeable 
cation species, capillary condensation, and environmental con-
cerns about its disposal (Hang and Brindley, 1970; Tiller and 
Smith, 1990; Quirk and Murray, 1999; Pennell, 2002). Thus, a 
rapid, repeatable alternative to the above-mentioned methods to 
estimate SSA would be advantageous.
Visible near-infrared spectroscopy (Vis–NIRS) is a fast and 
reproducible method for soil analysis that could provide such an 
alternative. This method does not involve chemicals, uses small 
sample amounts that can be reused, involves minimal sample 
preparation (air drying and sieving). Moreover, a single spec-
trum of the soil can be used for the determination of multiple 
soil properties such as the soil textural fractions and organic mat-
ter content (Stenberg et al., 2010). Vis–NIRS covers the spectral 
range between 400 and 2500 nm. This region is dominated by 
overtones and combinations of the fundamental vibrations from 
the mid-infrared region (2500–25000nm). Most of the absorp-
tions in this region are characteristic of clay and organic matter 
and are dominated by C–H, O–H, N–H and metal–OH bonds 
(Hunt, 1977; Clark et al., 1990). During the past decades, Vis–
NIRS-based spectral models to evaluate soil physical, biological 
and chemical properties have been published (Stenberg et al., 
2010; Soriano-Disla et al., 2013). The application of Vis–NIRS 
to more advanced soil parameters such as the degree of organ-
ic matter coverage of fine mineral particles (Hermansen et al., 
2016), soil densities (Katuwal et al., 2017), soil binding capacity 
(Paradelo et al., 2016), and water repellency have been also re-
ported (Kim et al., 2014; Knadel et al., 2016). Numerous studies 
have successfully applied Vis–NIRS to determine clay content 
(Soriano-Disla et al., 2013), a property strongly related to SSA. 
Despite this great potential of vis – NIR, only few studies have 
applied it for soil SSA estimation. In two studies on some Israeli 
soils, SSA was estimated with the EGME as the reference meth-
od and predicted with NIRS (Ben-Dor and Banin, 1995) and 
Vis–NIRS (Ben-Dor et al., 2008). In the former work, conduct-
ed on air dried soils and with SSA values ranging from 10.8 to 
369 m2 g–1, root mean squared error of prediction (RMSEP) of 
50.2 m2 g–1 and R2 of 0.69 were reported (Ben-Dor and Banin, 
1995). In the latter study, higher predictive ability of the SSA 
model was achieved (RMSEP of 20.9 m2 g–1 and R2 = 0.92) 
even though the analysis was based on field moist soils (SSA 
range: 27.3–407.1 m2 g–1) (Ben-Dor et al., 2008). Ben-Dor and 
Banin (1995) reported that clay content and SSA were related 
to OH in water but also to metal-OH in the mineral lattice of 
the minerals. The studies mentioned above are relatively old and 
explored the possibility of predicting SSA from spectroscopy, 
but utilized data from one region only. For widely applicable soil 
property estimation, it is useful to encompass samples from sev-
eral geographical regions (hence, different soil types). The SSA, 
despite being difficult to measure, is well-defined compared with 
clay content, which is delineated at an arbitrary particle size of 
2 µm. Second, SSA is more intimately linked to soil properties 
such as clay mineralogy and cation exchange capacity, and is thus 
expected to be more strongly expressed in a Vis–NIRS spectra 
compared with clay content. Based on the above-mentioned 
considerations, the objectives of the current study were to: i) test 
the feasibility of using Vis–NIRS for SSA determination for a 
large data set with a wide range of soils from different geographi-
cal areas, (ii) compare the predictive ability of the Vis–NIRS 
model for predicting SSA with that for predicting clay, (iii) iden-
tify important variables for SSA and clay predictions, and to test 
if additional variables selection improves the predictive ability of 
the calibration models.
MATERIALS AND METHODS
Soil Samples
The investigated dataset included 550 soil samples from 
different parts of the world. The samples originated from five 
geographic regions including: three countries in North America 
(Cuba, Nicaragua, United States; N = 68), four countries in 
South America (Brazil, Colombia, Ecuador, Peru; N = 10), five 
countries in Africa (Ghana, Nigeria, Mozambique, South Africa, 
Zimbabwe; N = 11), three countries in Asia and Oceania (India, 
New Zealand, Sri Lanka; N = 9), and three countries in Europe 
(Denmark, Germany, Norway, N = 452). The soil samples were 
all air dried and sieved to 2 mm prior to laboratory analyses.
Measurement of Soil Properties
Soil texture was determined by a combination of wet-sieving 
and pipette or hydrometer methods (Gee and Or, 2002) after re-
moval of organic matter and carbonates. The soil organic carbon 
(SOC) content was obtained either by the oxidation of carbon at 
1800 °C with an organic elemental analyzer coupled to a thermal 
conductivity detector (Thermo Fisher Scientific Inc., Waltham, 
MA) or by wet combustion following the Walkley–Black meth-
od (Nelson and Sommers, 1996). The reference soil specific sur-
face area (SSA) was estimated by the retention of ethylene glycol 
monoethyl ether (EGME) at monolayer coverage (Pennell, 2002). 
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The soil samples were not pretreated (no removal of organic car-
bon nor ion saturation) prior to the measurements.
Spectral Measurements
The spectral data was obtained by scanning the samples with a 
Vis–NIRS sensor (NIRS DS2500, FOSS, Hillerød, Denmark) in a 
temperature and humidity controlled NIRS laboratory (tempera-
ture of 23°C, humidity of 48%). The measurements were done in the 
spectral range between 400 and 2500 nm and a spectral interval of 
0.5 nm. The scanning procedure was based on an internally developed 
scanning protocol described briefly below. Approximately 50 g of each 
soil sample were loaded to a sample holder with a quartz window and 
measured in seven spots. The collected seven scans were averaged to 
one scan for each sample. The output soil spectra were recorded as ab-
sorbance, Abs = [log(1/R)], where R is reflectance, and absorbance 
spectra were used further in the modeling phase.
Multivariate Data Analysis
Before the development of spectral calibration models, the 
entire dataset was subdivided into calibration and validation data 
sets. This ensured creation of robust calibration models that were 
validated with the data set not involved in the calibration step. First, 
Principal Component Analysis (PCA) was performed on the entire 
data set to compress the data into a smaller number of latent vari-
ables (principal components; PCs) (Webster, 2001). Further, the 
Kennard–Stone algorithm representing a sequential type of func-
tion (Kennard and Stone, 1969) was applied to the scores of the 
first three PCs. It enabled a selection of a calibration data set that 
had a uniform distribution over the spectral space. The function is 
based on Euclidean distance. The first two selected samples repre-
sented the most extreme spectra within the entire data set. Then the 
third sample was chosen so that it was the furthest away from the 
two already selected. This was continued until the chosen number 
of samples has been selected. In this case two thirds of the entire data 
set was chosen for calibration (440 samples) and the remaining one-
third (110 samples) was left out for validation purposes.
Calibration and Validation Models
Before development of the models, different preprocess-
ing techniques were applied to spectral data and included scat-
ter corrections (Multiplicative Scatter Correction and Standard 
Normal Variate) and derivatives (first and second Savitzy-Golay) 
(Savitzky and Golay, 1964; Barnes et al., 1989; Martens and Næs, 
1989; Barnes et al., 2003).
First, Partial Least Squares (PLS) regression with the non-
linear iterative partial least square algorithm (Nørgaard et al., 
2000) was used to generate Vis–NIRS calibration models for 
SSA and clay content. The important wavelengths explaining 
the variability in SSA and clay, as indicated by the regression co-
efficients, were listed and assigned to the possible components. 
Further, Interval Partial Least Squares (iPLS) regression was 
tested. The iPLS method selects a relevant subset of intervals (a 
subset of adjacent wavelengths) for each of the soil properties in-
dividually, which results in superior models in comparison with 
using the entire vis – NIR spectrum, thus decreasing the models’ 
complexity and removing irrelevant information from the spec-
tra (Nørgaard et al., 2000). The iPLS method was used in the for-
ward mode meaning that the additional intervals of spectra were 
successively included in the analysis in search for the best com-
bination of variables. As reported by Hermansen et al. (2017), 
the interval size affects the accuracy of the models, thus the fol-
lowing spectral intervals sizes were additionally tested (25, 50, 
100, and 150). Calibration models using 440 samples and both 
PLS and iPLS were developed on untreated and pre-processed 
spectra with the full-cross validation method (leave-one-out) 
and validated independently with 110 samples. All multivariate 
data analysis was done in Matlab software using PLS toolbox 8.2 
(Eigenvector Research Inc., Manson, WA).
The best spectral preprocessing as well as the optimal spec-
tral interval size for cross-validation was considered to be the 
one resulting in models with the lowest root mean squared er-
ror of cross-validation (RMSECV) and the highest Pearson R2. 
The optimal number of factors (NF) was selected as the point 
after which RMSECV did not decrease significantly (Gowen 
et al., 2011). Validation models were evaluated further with the 
RMSEP, R2 and the ratio of RMSEP to interquartile range (Q3-
Q1), RPIQ (Bellon-Maurel et al., 2010).
RESuLTS AND DISCuSSION
Soil Samples
The investigated data set covered a wide range of soil tex-
tures and included clayey (clay content > 80%) to extremely 
sandy (sand content > 90%) soils (Fig. 1a). The SSA and clay 
content for the entire data set ranged from 3 to 437 m2 g–1 and 
1 to 83%, respectively (Table 1).
The SSA is, among other soil properties, highly related to 
the organo-mineral content and its interactions. For instance, 
the degree of saturation of clay minerals by organic matter in-
duce strong changes in their surface properties (Kaiser and 
Guggenberger, 2003). Therefore, the high variability in SOC, 
clay, and clay mineralogy can result in a different behavior of the 
investigated soil samples in respect to e.g., potential for organic 
matter coating of clay minerals, hence affecting SSA. This behav-
ior was explored using the relationship between clay and SOC 
contents for the five geographic regions (Fig. 1b). As reported 
by Dexter et al. (2008) clay has a limited capacity for SOC com-
plexation, which was defined as a ratio (n) of clay to SOC of 10, 
and was illustrated here with an n saturation line (Fig. 1b). Above 
or below this threshold, a surplus of clay or SOC in the form of 
non-complexed clay or non-complexed SOC is present, respec-
tively. According to Fig. 1b, the subset of samples with n below 
10 was represented mainly by the European soils whereas, nearly 
all the soils from the remaining four regions (and some European 
soils) exhibited n above 10. This clear separation indicates that 
the samples from the Americas, Africa, Asia and Oceania were 
unsaturated with organic matter (SOC in the complexed form), 
and majority of European samples had the highest potential for 
coating with organic matter (SOC in the non-complexed form) 
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that can potentially affect the SSA (Kaiser and Zech, 1998). 
Therefore, not only the differences in clay and its mineralogy but 
also the form (complexation status) of SOC is expected to have 
an effect on further SSA predictions.
The correlation between the SSA and the remaining soil 
properties for the entire data set was the highest with clay (r = 
0.80), whereas with silt, sand and SOC it was 0.35, –0.66 and 
–0.03, respectively. Moreover, a simple multiple linear regression 
using clay, silt, sand and SOC as predictors for SSA of the entire 
data set was developed. Sand was excluded from the regression 
due to high collinearity with clay and silt, whereas, silt and SOC 
did not contribute significantly (P = 0.403 and P = 0.565, respec-
tively) resulting in a simple equation with clay as a driving factor 
for SSA determination (SSA = –0.496 + 2.620 × clay) (Fig. 2). 
However, knowing that clear differences as to the importance of 
clay and SOC for SSA for the soils with n values below and above 
10 can be expected (Fig. 1b), multiple linear regressions for the 
two subsets were additionally developed. For soils with n < 10 
both clay and SOC were the significant predictors (P < 0.001), 
with SOC being positively correlated to SSA (SSA = −7.333 + 
2.550 × clay + 3.790 × SOC). Similarly for the soils with n > 10, 
clay and SOC were significantly contributing (P < 0.001 and P = 
0.001, respectively), nonetheless, this time SOC was correlated 
negatively to SSA (SSA = 1.690 + 2.922 × clay– 9.931 × SOC). 
The antagonistic roles played by organic matter are attributed to 
different relationships between the amount of organic matter, 
its types, differences in mineralogy and porosity (Petersen et 
al., 1996; Kaiser and Guggenberger, 2003; Bartoli et al., 2007; 
Arthur et al., 2013; Ding et al., 2013). If the non-complexed 
SOC is mainly sorbed to the surface of clay minerals the SSA 
increases with the increase of the non-complexed SOC, hence 
positive correlation. Conversely, a negative correlation between 
SOC and SSA was observed for the samples with the complexed 
SOC as a predominant form. Arthur et al. (2013) recognized 
also differences in SSA in respect to n values and concluded that 
for soils with high SOC values (n < 10) a part of SSA was masked 
due to organic matter sorption onto the clay minerals, resulting 
in the reduction of the total surface area. Moreover, the amount 
of clay content itself can lead to the different relationships be-
tween SOC and SSA. If the soils present a low clay and a high 
SOC contents, SOC is expected to coat the mineral grains and 
increase the SSA. Whereas, if the soils present a high clay content 
and thus exhibit much higher surface area, the SOC coating of 
the mineral surfaces can either reduce the SSA or has no impact.
Soil Spectral Signatures
The influence of clay content and mineralogy on the spectra 
is expected to be a valuable feature for predicting SSA from the 
vis – NIR spectra. Figure 3 illustrates differences in the spectral 
signatures among three selected soil samples including a smectitic, 
Table 1. General statistics for the entire (N = 550), calibration (N = 440) and the validation (N = 110) data sets.
Property†‡ Mean Max Min Range SD Variance Q1 Q3
SSA, m2 g–1 42 (42, 43) 437 (437, 116) 3 (3, 4) 434 (434, 111) 39 (42, 27) 1551 (1758, 34) 19 (16, 24) 50 (50, 49)
Clay, % 16 (16, 16) 83 (83, 50) 1 (1, 3) 82 (82, 46) 12 (13, 9) 143 (157, 86) 8 (8, 11) 20 (21, 19)
Silt, % 26 (25, 29) 73 (73, 58) 1 (1, 3) 72 (72, 55) 13 (14, 10) 179 (194, 106) 15 (14, 11) 32 (32, 34)
Sand, % 58 (59, 55) 98 (98, 94) 2 (2, 11) 96 (96, 83) 22 (22, 18) 465 (499, 316) 49 (50, 49) 71 (74, 63)
SOC, % 1.58 (1.59, 1.55) 8.42 (8.42, 5.6) 0 (0, 0.03) 8.42 (8.42, 5.57) 1.16 (1.23, 0.86) 1.35 (1.51, 0.74) 0.93 (0.88, 1.14) 2.01 (2.01, 1.95)
† Q1, the first quartile; Q3, the third quartile; SD, standard deviation; SOC, soil organic carbon; SSA, soil specific surface area.
‡  The first value is for the entire data set, the first value in brackets is for the calibration data set and the second value in the brackets is for the 
validation data set.
Fig. 1. a) Distribution of the soil samples in the uSDA soil texture triangle and b) distribution of the soil samples around the n = 10 line (i.e., clay/
organic carbon [OC] = 10) when plotting OC as a function of clay (N = 550).
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kaolinitic and illitic soil. Smectites are known to be the most active 
of clay minerals due to the largest specific surface area and electro-
chemical activity (Ben-Dor, 2002). The selected smectitic sample 
originating from Nigeria exhibits a large SSA values (437 m2 g–1; 
Fig. 3) and distinct spectral features. Smectitic soils present spe-
cific and very clear absorption features near 1400, 1900, and 2000 
nm (Bishop et al., 1994). These were very pronounced in the 
Nigerian soil sample, which also had the highest clay content 
(83%). The peak near 1400 nm can be assigned to the first over-
tone of O-H stretch in its octahedral layer, while the peak near 
1900 m originates from the OH bond due to combination vibra-
tions of water bound in the interlayer lattice. Small shoulders near 
1470 and 1970 nm are due to adsorbed water onto the mineral 
surface (Bishop et al., 1994). The soil sample from Mozambique 
represents a kaolinitic soil with SSA of 51 m2 g–1. It exhibited very 
pronounced absorption peaks near 1400 and 1900 nm related to 
OH bonds (Post and Noble, 1993; Clark, 1999). Due to elevated 
clay content (46%), pronounced doublets near 1400 and 2200 nm 
occurred. The peak near 2200 nm was a result of a combination 
of Al-OH bend and O-H stretch (Bishop et al., 1994). Moreover, 
the Mozambican sample showed distinct absorption values in the 
visible range with peaks at 420, 470, and 920 nm attributed to iron 
oxides (goethite) (Scheinost, 1998). The Danish soil exhibited the 
lowest SSA (3 m2 g–1) and the lowest clay content (4%) of the 
three samples in Fig. 3. Danish soils are dominated by illites, which 
are the typically formed minerals in colder regions (Moberg, 1990; 
Ben-Dor, 2002). The most common absorption bands for illites 
are present at 1400, 1900, and 2200 nm (Stenberg et al., 2010). 
However, due to the very low clay content only the band near 
1900  nm related to OH was observable. The absorptions near 
1400 and 2200 nm were very weak and barely visible. Moreover, 
the Danish sample had the highest SOC content (1.5%) leading 
to highest values of absorbance in the visible region, with a typi-
cal convex alike shape of the spectrum related to the presence of 
organic matter (Ben-Dor, 2002; Viscarra Rossel and Hicks, 2015).
As showed in the literature particle size affects the vis–NIR 
spectra. The finer the soil the higher overall reflectance (Stenberg 
et al., 2010). Sadeghi et al. (2018) documented it for six different 
soils from Arizona separated into seven particle/aggregate size class-
es. Particle size is intimately linked to clay content and SSA and is 
therefore important. This effect, however, was not present here as 
the soils were air dried and sieved to 2 mm (constant particle size). 
Subsequently, any observed differences in the spectra are due to the 
differences in the clay mineralogy, OM and water content.
Principal Component Analysis and data subdivision
Principal component analysis was performed on the en-
tire spectral data set (550 samples). As the first three PCs ac-
counted for a total of 98% of the variation in the spectral data 
Kennard-Stone algorithm was applied to the first three PCs only. 
Considering the variability in spectral data, the Kennard-Stone 
algorithm assured a representative selection of the calibration 
data set reflecting the variation in the mineral and organic mat-
ter of the investigated soils. Thus, the calibration data set showed 
some bias and covered the extreme and mean values of both SSA 
(4–437 m2 g–1) and clay content (3–50%) in the data set (Table 
1). This should facilitate more global yet, most likely less accu-
rate models.
Partial Least Square (PLS) and interval Partial Last 
Squares (iPLS) Regression for SSA Determination
The results for PLS and iPLS for SSA determination showed 
clear improvement in the PLS calibration performance for SSA for 
the applied spectral preprocessing methods over untreated spectra 
(Table 2). The best PLS calibration model was achieved using the 
first derivative spectra and resulted in RMSECV = 21.4 m2 g–1 
and R2 = 0.74, with eight factors (Fig. 4a). Similarly, better perfor-
mance of the iPLS models for SSA was obtained after preprocess-
ing the spectral data (Table 2, Fig. 4c). Although there seemed to be 
an effect of interval number on the calibration performance, there 
was no clear trend among the different preprocessing techniques. 
Nevertheless, the best model when iPLS was applied was likewise 
obtained on first derivative spectra (RMSECV = 19.6 m2 g–1 and 
R2 = 0.78, NF = 9) (Fig. 4a), using 50 nm intervals accounting for 
Fig. 2. Linear regression relation between specific surface area (SSA) 
and clay content for the entire data set.
Fig. 3. Vis–NIRS spectra of three selected soil samples, representing a 
smectitic (Nigeria), a kaolinitic (Mozambique), and an illitic sample 
(Denmark).
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700 variables. The application of iPLS not only resulted in a lower 
RMSECV and a higher coefficient of determination but also in 
the use of much fewer variables as opposed to using PLS on the 
entire vis – NIR spectrum (2100 variables).
Partial Least Square (PLS) and Interval Partial Last 
Squares (iPLS) Regression Results for Clay
The evaluation statistics for the clay PLS and iPLS calibra-
tion models are reported in Table 3. Slightly better performance 
of the PLS calibration models can be observed for the models 
based on preprocessed spectra than for the model based on the 
absorbance spectra. The best PLS model was obtained on sec-
ond derivative spectra with RMSECV = 7.6%, R2 = 0.63, and 
using seven factors (Fig. 4b). For clay also, the application of the 
iPLS method was advantageous as it decreased the number of 
variables in the best iPLS clay model to 1050, and resulted in a 
better model performance (RMSECV = 6.2%; R2 = 0.75) when 
comparing it with the PLS method (Fig. 4d). The number of fac-
tors, however, increased in the iPLS (NF = 10) compared with 
the best PLS model (NF = 7).
Regression Coefficients
As SSA is a better defined soil property than clay, it is im-
portant to understand which spectral regions were the significant 
variables in the developed models. Figure 5a and 5b illustrate re-
gression coefficients from the best SSA (based on the first deriva-
tive spectra and 7 factors) and clay (based on the second deriva-
tive and 8 factors) PLS calibration models, respectively, versus 
the wavelengths. Large regression coefficients indicate that the 
wavelengths play an important role in the determination of the 
response variables (SSA and clay). It was not possible to assign 
all of the important wavelengths to the potential chemical com-
ponents, because the vibrations present in the vis – NIR region 
are relatively weak and the resulting absorptions bands are an ef-
fect of a combination of different components present in the soil 
in variable proportions. Moreover, as stated above, both models 
were developed using different preprocessing techniques and a 
different number of factors, thus, direct comparison was diffi-
cult. Nevertheless, the visible part of the spectral range of both 
regression coefficients was dominated by the information origi-
nating from highly spectrally active iron oxide minerals at 530 
and 620 nm, for clay and SSA, respectively (Scheinost, 1998). In 
both cases, absorption bands related to organic matter were pres-
ent. For SSA, important wavelengths assigned to organic mat-
ter were present near 1650 and 1700 nm (assigned to aromatic 
C-H and aliphatic C-H groups, respectively) whereas, for clay 
near 825 and 1000 nm (assigned to aromatic C-H and amine 
N-H groups, respectively) (Stenberg et al., 2010). The presence 
of OM bands in both regression coefficients can be explained by 
the presence of the previously mentioned non-complexed SOC 
Table 2. Partial Least Squares regression (PLS) and interval PLS (iPLS) cross-validation results for soil specific surface area. †‡
Spectra pretreatment Method IN (nm) NV RMSECV, m2 g–1 R2 Bias NF
No pretreatment
(Abs.)
PLS – 2100 26.6 0.60 0.01 4
iPLS 150 750 25.3 0.63 –0.04 4
100 700 26.3 0.61 –0.07 4
50 100 25.9 0.62 –0.02 5
25 75 24.7 0.65 –0.06 5
SNV PLS – 2100 23.2 0.69 –0.03 5
iPLS 150 450 23.3 0.69 –0.10 6
100 600 22.6 0.71 –0.06 6
50 400 22.7 0.70 –0.19 6
25 175 23.22 0.69 –0.11 6
MSC PLS – 2100 22.6 0.71 –0.07 8
iPLS 150 1050 20.5 0.76 –0.13 8
100 800 21.1 0.75 –0.13 7
50 450 21.1 0.75 –0.26 8
25 250 22.9 0.70 –0.21 6
first der. PLS – 2100 21.4 0.74 –0.16 8
iPLS 150 300 24.1 0.67 –0.04 5
100 900 24.6 0.66 –0.09 6
50 1000 19.6 0.78 –0.27 9
25 100 21.1 0.75 0.07 10
second der. PLS – 2100 22.3 0.72 –0.22 6
iPLS 150 1050 22.4 0.71 –0.27 5
100 100 22.1 0.72 0.29 9
50 150 21.5 0.74 –0.09 10
25 125 22.6 0.72 –0.14 8
†  Abs., absorbance; first der. and second der., the first and second Savitzky-Golay derivatives; IN, number of intervals; iPLS- interval Partial Least 
Squares regression; MSC, multiplicative scatter correction; NF, number of factors; NV, number of variables; PLS, Partial Least Squares regression; 
RMSECV, Root Mean Square Error of Cross-Validation; SNV, standard normal variate.
‡ Numbers in italics denote the best models.
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form in the majority of the European soil samples. Soil organ-
ic carbon in a non-complexed form can sorb onto the mineral 
phases covering and masking a large portion of the SSA of the 
mineral matrix (Kaiser and Guggenberger, 2003; Bartoli et al., 
2007) resulting in a response from OM and not minerals in the 
vis – NIR spectrum. The presence of both negative and positive 
values of regression coefficients related to OM can be explained, 
as in the case of multiple linear regression for n ratio, by the fact 
that it is not only the quantity of OM but rather the different 
relationships between the quantity and quality of OM and clay. 
Thus, depending on the type of a functional group both posi-
tive and negative correlation with SSA and clay can be observed. 
Around 2200 nm an important peak related to the combination 
vibrations of O–H stretch and metal–OH bends (Stenberg et 
al., 2010) in the regression coefficient of SSA model was also 
present. Likewise, hydroxyl bonds were found to be important 
in the clay model showing an elevated value of regression coef-
ficient near 1970 nm, which is indicative of smectites (Post and 
Noble, 1993; Clark, 1999).
Spectral Intervals for iPLS Calibration Models
As reported above, the calibration models for SSA and 
clay developed using the iPLS method were based on 50 nm in-
tervals, accounting for 700 variables. More intervals (150 nm) 
and spectral variables were used in the iPLS clay model and ac-
counted for a total of 1050 variables. The specific spectral ranges 
corresponding to the selected intervals are listed in Table 4. The 
identified intervals for the two parameters were assigned to simi-
lar yet not identical spectrally active components, which was also 
reported by Ben-Dor and Banin (1995). Furthermore, it appears 
that a higher number of smaller intervals was used for SSA esti-
mation, whereas the intervals selected in clay modeling included 
a higher number of neighboring wavelengths indicating a higher 
specificity of SSA response and broader spectral regions related 
to clay, respectively. In general, the same type of the important 
soil components for the prediction of SSA and clay, as indicated 
by regression coefficients in the PLS models was found. In both 
cases, the important spectral intervals in the visible range of the 
spectrum were assigned to iron oxides. As expected, multiple 
Fig. 4. Results of the best calibration (full cross-validation) models for soil specific surface area (SSA) and clay using Partial Least Squares 
Regression (PLS) (a and b, respectively) and interval Partial Least Squares Regression (iPLS) (c and d, respectively).
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intervals covering wavelengths related to a combination of OH 
forms in water and in the mineral crystal lattice of smectites, il-
lites, and kaolinites were selected for SSA and clay iPLS models 
in the NIR region, and were also listed by Ben-Dor and Banin 
(1995). However, most of these intervals could also be assigned 
to bands related to OM and because they were relatively broad it 
was not possible to identify if it was OH or OM, or the combina-
tion of the two components which was involved. No important 
wavelengths related to iron oxides for SSA and clay PLS models 
were found in the previous study by Ben-Dor and Banin (1995). 
This could be explained by the fact that no visible part of the 
spectrum was utilized in their investigation. They did not assign 
the important wavelengths to OM wavelengths either. However, 
the samples investigated in their study were more homogeneous 
in terms of the geographic location and thus might not have rep-
resented both forms of complexed and non-complexed SOC.
Independent Validation
The results of independent validation performed on 110 
samples for SSA and clay determination are presented in Fig. 6a 
and 6b, respectively. Acceptable predictive ability for SSA for 
the independent validation data set using PLS was obtained 
(RMSEP = 14.2 m2 g–1, R2 = 0.76, and RPIQ = 1.8). Despite 
better performance of the iPLS calibration model for SSA than 
of the PLS model (Table 2), the independent validation using 
iPLS did not outperform significantly that of PLS (Fig. 6a). 
Similar RMSEP and R2 values were obtained (13.6 m2 g–1; 
0.76). Likewise, acceptable validation for clay with PLS method 
was obtained (RMSEP = 5.1%, R2 = 0.73). Also for clay lower 
prediction error was a result of a lower range in clay values in the 
validation data set (3 −50%) than in the calibration data set (1–
83%). Application of the iPLS method for clay determination 
led to slightly better predictive ability (RMSEP = 4.6%; R2 = 
0.77) compared to the PLS prediction (Fig. 6b). The comparison 
of the SSA and clay models is not straightforward, as the mod-
eled properties have different units and ranges. Nevertheless, the 
comparison of the RPIQ values indicated no significant differ-
ences among the models. The PLS models for SSA and clay gen-
erated RPIQ values of 1.7 and 1.6, respectively, whereas the iPLS 
models a value of 1.8 for SSA and 1.7 for clay.
Additionally, the performance of a simple linear regression 
model based on clay content of the calibration samples (SSA = 
–0.716 + 2.633 × clay) was tested using the same validation 
set. The performance of the regression model was quite good 
(RMSEP = 12.7 m2 g–1 and R2 = 0.78). Furthermore, the SSA 
values obtained from the clay-based linear regression model were 
statistically similar to those obtained from Vis–NIRS (Student’s 
t test; p = 0.441). Nevertheless, the use of vis-NIRS is advanta-
Table 3. Partial Least Squares regression (PLS) and interval PLS (iPLS) cross-validation results for clay content. †‡
Pretreatment Method IN NV RMSECV R2 Bias NF
nm %
No pretreatment 
(Abs.)
PLS 2100 9.0 0.48 –0.02 4
iPLS 150 900 8.1 0.58 –0.03 6
100 100 8.7 0.52 –0.02 5
50 150 8.3 0.57 0.09 6
25 75 8.7 0.52 –0.01 6
SNV PLS 2100 8.5 0.51 0.001 6
iPLS 150 450 8.2 0.53 –0.06 6
100 700 6.7 0.69 –0.13 10
50 300 7.2 0.53 –0.06 8
25 275 6.6 0.71 –0.09 10
MSC PLS 2100 8.6 0.53 0.01 6
iPLS 150 750 7.9 0.60 –0.06 6
100 700 6.7 0.72 –0.10 10
50 200 7.9 0.61 –0.10 9
25 75 7.5 0.64 0.01 9
first der. PLS 2100 7.9 0.61 –0.05 6
iPLS 150 150 8.2 0.58 –0.02 8
100 400 8.5 0.55 –0.09 7
50 100 7.7 0.63 –0.11 10
25 75 7.4 0.65 –0.07 10
second der. PLS 2100 7.6 0.63 –0.05 7
iPLS 150 1050 6.2 0.75 –0.09 10
100 1200 6.4 0.74 –0.04 10
50 250 7.4 0.65 –0.13 9
25 175 6.9 0.7 –0.02 10
†  Abs., absorbance; first der. and second der., the first and second Savitzky-Golay derivatives; IN, number of intervals; iPLS- interval Partial Least 
Squares regression; MSC, multiplicative scatter correction; NF, number of factors; NV, number of variables; PLS, Partial Least Squares regression; 
RMSECV, Root Mean Square Error of Cross-Validation; SNV, standard normal variate. 
‡ Numbers in italics denote the best models.
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geous as multiple soil properties can be determined including 
both basic and also more complex soil properties from one vis 
– NIR spectrum.
Ben-Dor et al. (1997) obtained a lower predictive ability 
(SEP = 50.2 m2 g–1 and R2 = 0.70) for a similar range of SSA 
values (11–425 m2 g–1) on 12 groups of Israeli soils. However, 
the sensor used in their investigation covered only the NIR re-
gion (1000–2500nm). In another study on the in situ soil in-
vestigation performed with Vis–NIRS sensor on four profiles 
in Israel, higher predictive ability (RMSEP = 20.9 m2g–1, R2 = 
0.92) for also a high range of SSA values (27–407 m2 g–1) was 
achieved (Ben-Dor et al., 2008). Despite relatively similar SSA 
range in these and the present study, direct comparison is very 
difficult. The mentioned investigations used sensors with differ-
ent spectral range, applied spectral measurements to differently 
prepared soils and smaller datasets, included subsoils, and were 
focused on relatively homogenous (in geographical sense) areas 
in comparison to our work.
CONCLuSIONS
In the present study, a large data set of soil samples originat-
ing from different parts of the world was investigated for test-
ing the feasibility of using Vis–NIRS for SSA determination. 
Considering the extremely large range of SSA in the investigated 
soil samples acceptable predictive ability for the PLS indepen-
dent validation was achieved (RPIQ = 1.8) and was slightly 
higher than for the independent clay validation (RPIQ = 1.6). 
The application of iPLS as a variable selection method resulted 
in little improved accuracy for both SSA and clay determinations 
(RPIQ of 1.8 and 1.7, respectively) in comparison to using PLS 
method and the entire vis–NIR spectrum. However, it decreased 
the number of variables significantly from 2100 to 700, and to 
1050 for the determination of SSA and clay, respectively, thus, 
diminishing the complexity of the models. Furthermore, a high-
er number of shorter spectral intervals for SSA predictions was 
selected and indicated a higher specificity of SSA than of clay 
response in the vis-NIR spectral range. The different degree of 
saturation of clay minerals by organic matter in the investigated 
Fig. 5. Regression coefficients for Partial Least Squares calibration 
models of: a) soil specific surface area (SSA) (based on first derivative, 8 
factors) and b) clay content (based on second derivative and 7 factors).
Fig. 6. Results of the independent validation for soil specific surface area (SSA) determinations and clay (a and b, respectively) using Partial Least 
Squares Regression (PLS) and interval Partial Least Squares Regression (iPLS).
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soils clearly induced changes in the SSA and was reflected in the 
spectral response of the organo-mineral composition and its in-
teractions. Therefore, the important wavelengths in both PLS 
regression coefficients and the selected iPLS spectral intervals 
were not only assigned to Fe oxides and water bands related to 
different types of clay minerals, but also to organic matter, as a 
result of masking effect of the noncomplexed organic carbon on 
the mineral phases.
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